ABSTRACT The decreasing of accumulative error is a key issue for various multi-sensor fusion-based indoor localization systems that employ pedestrian dead reckoning (PDR) to improve their localization performance. Current studies mainly use activity-based map matching (AMM) to prevent the accumulative error. However, it is vulnerable to mismatch problems, which are usually caused by the randomness of human activities. This paper proposes a structure landmark map matching-based indoor localization approach. Structure landmarks refer to special spatial structures (e.g., intersections, corridors, or corners), which are visually salient in a local environment. These landmarks are visually recognizable in indoor spaces because of their distinct shapes. This paper integrates visual and inertial information to recognize the structure landmarks by using a Bayesian classifier. An algorithm is also proposed to realize indoor localization without prior knowledge of the initial location or the turning angles of people. This approach decreases the accumulative localization error of PDR by matching the detected structure landmarks to the ground-truth values. The experimental results showed that the identification accuracy of the structure landmark was about 90% and the matching accuracy was 92%. The mean off-line localization error was about 1.2 m. Compared with the AMM-based method, this approach is robust to the random turning activities of people and can realize indoor localization with a faster convergence speed.
I. INTRODUCTION
Localization of users, such as people, vehicles or robots, in indoor space is a common issue for many commercial and industrial applications. However, while outdoor positioning solutions are mainly dominated by global positioning system (GPS), indoor positioning remains a great challenge due to the limited visibility of GPS satellites. A number of technologies have been proposed for indoor localization based on different principles such as WiFi, Radio-frequency identification (RFID), magnetic fields, Ultra Wide Band (UWB) and inertial sensor. In particular, inertial sensor based localization is a self-contained technique in which measurements provided by inertial sensors are used to estimate the location of indoor objects [1] - [4] . Compared to other solutions, inertial sensor based localization does not require any auxiliary infrastructures, as well as a labor-intensive site survey or pertaining process. It is usually used as an important part in various indoor navigation systems.
Nowadays, most of the smartphones are equipped with various built-in sensors, such as accelerometer, gyroscope, electronic compass and camera, which provide a suitable interface for sensing and collecting information for indoor localization [5] - [7] . Being a widely applied pedestrian navigation technology, pedestrian dead reckoning (PDR) techniques take advantage of the measurements from accelerometer, magnetometer and gyroscope sensors to calculate one's current location by adding the estimated displacement to the previously determined location. In PDR approaches, the displacements are usually calculated based on step detection, step length estimation and orientation estimation by using Micro-Electro-Mechanical System (MEMS) [8] - [10] . However, PDR is subject to the drift noise from the MEMS, which leads to a cumulative error as distance traveled increases. Besides gyroscope, magnetometer can also be employed to calculate heading angle. However, magnetometer-based heading calculation in indoor environments has drawbacks as magnetometer is strongly influenced by magnetic perturbations generated by manmade infrastructure such as metal structures or electronic equipment.
Many solutions have been proposed to minimize the accumulation of location error in PDR. Some studies are focused to model the error source of PDR and employ other localization techniques (e.g., Wi-Fi, RFID or Bluetooth) to reduce the accumulative error. Requirements of additional hardware or infrastructure make such methods neither scalable nor universal. The localization accuracy of these methods relies on both inertial and the employed approaches [11] - [13] . Other studies utilize an AMM approach to correct the accumulative error in PDR. For example, when a user takes a right turn, there would be an obvious heading change which can be detected by MEMS gyroscope. Then, the location of the corners or intersections can be used to infer the possible location of a user. These studies mainly use the built-in MEMS inertial sensor to detect and recognize human activities to decrease the PDR accumulative error based on map matching method.
The performance of AMM-based localized solutions highly depends on the accuracy of activity recognition and map matching. Some recent algorithm based on inertial activity detection [14] , [15] can achieve a good performance with high accuracy. However, AMM-based approaches are usually vulnerable being based on localized detection of human activities at various indoor special locations, such as intersections, corners or elevators.. For example, people may take turn freely in an indoor environment, especially in a wide area (e.g., museum). It may be incorrectly to match such kind of turn to a pre-defined special location (e.g., intersection or corner). The main reason for incorrect matching results is that activity landmarks are extracted from human motions not from actual environment. Due to the lack of constant correspondence between walking activity and spatial location, AMM-based PDR approaches are not robust.
The idea of this study is to utilize structural feature of indoor space to correct the accumulative error in PDR. In this study, structural features and termed structure landmarks refer to visually salient locations in an indoor environment, such as interactions, corners, and entrances. The correspondence between structure landmark and spatial location is much more stable and constant as compared to relationship between activity landmark and spatial location. Moreover, structure landmark can be easily extracted from floorplans and classified as T-junction, corner, crossroad, etc. The accumulative error in PDR can be corrected continuously by matching the detected structure landmarks to the previously stored database.
The accurate recognition of structural features is a key issue with structure landmark-based indoor localization solution. In comparison to activity landmark, structure landmark cannot be directly recognized by using inertial sensors. However, visual information collected by smartphone camera provides another source that can be employed to detect and classify the structure landmark. Currently, some state-of-the-art techniques (e.g., target recognition, indoor modeling) from computer vision and machine learning have been used in the field of robot localization and navigation. Visual cue from scene image has a positive influence on indoor geometry analysis. For example, [16] proposed an image scene geometric interpretation method which could recognize the three dimensional interior structure of a building based on several physically valid structural hypotheses and a collection of line segments. In [17] , an image-based floor detection approach was developed which combines three visual cues to evaluate the likelihood of edge line segment belonging to the wall-floor boundary. However, these studies are mainly focused on the detection of geometric features (e.g., line segments). There is still quest to classify and recognize different types of indoor structures automatically.
In the present study, we propose a novel structure landmark based indoor pedestrian localization approach by using smartphone. This approach integrates visual information (video frames collected by smartphone camera) and inertial information to detect and recognize structure landmark. A structure landmark-based localization method has also been developed by using an improved Hidden Markov Model (HMM). This approach can realize autonomous localization without knowing the initial location of pedestrian. Moreover, it can improve the mismatch problem of map matching based localization systems, which enhances the potential practical application of current work.
The paper is structured as follows: Section II reviews the related work. Section III presents the structure landmark recognition algorithm and the localization approach. Experimental results and discussion are described in Section IV and V respectively. The final section VI, contains the conclusion.
II. RELATED WORK
PDR has been widely applied in various indoor localization approaches [8] - [11] . It mainly employs inertial sensors, such as accelerometer, magnetometer and gyroscope to estimate the location of pedestrian based on step detection, step length estimation and orientation estimation. In [8] , Xiaomin et al. present the high accuracy for walking detection (93.76%) and step counting (95.74%) by employing walking motion and step count detection algorithm with unconstrained smartphones. In [9] , several methods were implemented for step detection and distance estimation using VOLUME 7, 2019 acceleration data. The step detection makes an average error of 2.925%. It is found that the dynamic step length estimation methods, e.g., Scarlet experimental method, give better displacement estimation results than static ones. However, in most cases, the estimation of step length is not as critical as the determination of heading angle, so localization performance of PDR approach will be significantly affected by heading estimation error [10] . In [18] , a UKF fusion algorithm was designed to reduce heading estimation error by integrating both orientation sensor and gyroscopic data. However, both distance and heading error of PDR approach cumulate continuously which make it mainly suitable for short-term usage.
To improve accumulation error, absolute positioning systems are usually employed to aid self-contained navigation. For example, Compacc uses the periodic GPS observations to recalibrate the estimated location of PDR and achieves an average localization accuracy of around 11m [19] . The system proposed in [20] also uses GPS signal availability to calibrate the drift error in PDR. However, GPS-aided solutions are not suitable for indoor environments because of limited visibility of GPS satellites.. Other studies employ different technologies, e.g., RFID, UWB or Wi-Fi, to improve the performance of PDR [21] - [23] . A wearable localization prototype based on RFID has shown improved performance of PDR [21] . In [22] , a constraint filter was designed to integrate UWB and PDR for indoor localization. A hybrid pedestrian navigation algorithm based on combination of PDR, Wi-Fi and magnetic matching (MM) has been proposed [23] . The location accuracy of self-contained navigation can be improved by employing assistant positioning technologies. However, additional infrastructures are also required for the RFID/UWB/WiFi assisted PDR approaches. It is difficult to apply these methods to environments with insufficient infrastructures.
AMM approach have also been used to correct the accumulation error of PDR For example, the tracking system proposed in [24] can detect corners in an environment using inertial data. The detected corners are used as landmarks to correct location information by using map matching. In [25] , Hassan proposed a performance model of PDR with activity-based updates. AMM-based localization approaches proposed in [26] and [27] uses the sensed environmental landmarks, e.g., elevator or corridor-corner, to recalibrate the location results of PDR. However, AMM-based approach is vulnerable to mismatch problems which are mainly caused by the randomness of human activities. For example, it may be incorrectly to match a free heading change action occurred in open area to intersections or corners. Inertial information can directly reflect and sense human motion characteristics but not environmental or spatial features. The robustness of AMM-based approach is significantly affected by the randomness of human actions.
Visual information is the primary means by which human beings get information from the environments. Many studies have used images (or videos) collected by camera to realize trajectory recovering and indoor positioning. For example, SFM (Structure from Motion) is a well-known imaging technology for environment reconstruction and robot navigation [28] . It is usually used to recover camera movement trajectories by using video frames. The SFM method proposed in [29] uses reference images with known GPS locations to recover the trajectory of a moving camera. The approach presented in [30] estimates the trajectory of a moving camera based on integrating the inertial measurements and estimates obtained by applying an SFM algorithm. Besides, iMoon developed in [31] utilizes crowdsourced photos to build 3D models of indoor space using SFM technique. It supports image-based localization that identifies user's position and direction with photos. Besides, an indoor floor plan reconstruction system is developed in [32] based on realizing the currently state-of-art computer vision and mobile techniques. Similarly, a robust and efficient algorithm is developed in [33] to detect doors, elevators and cabinets from images. It aims to provide wayfinding aids for blind people in unfamiliar indoor environments.
Currently, many vision based indoor positioning methods have been proposed in [34] - [37] . For example, in [35] , an image based system was designed for performing indoor localization. The system is divided into two stages: offline stage and online stage. In offline stage, an image database is established by using SURF (Speed-Up Robust Features) technique and learning line method. Then, the constructed image database is used for online localization. In [36] , the BoVW (Bag of Visual Word)-based image retrieval method was used for vision-based indoor localization, which could achieve an accuracy of less than 2 meters. In [37] , an epipolar geometry-based method was proposed for vision-based indoor localization. This method requires a rather overlapped query and database images as well as the database camera poses. In general, these methods mainly rely on prior pose-tagged image database and image matching method and can achieve good localization accuracy. However, collecting and geo-tagging of the image database is quite laborintensive. In this study, we attempt to remove this process from indoor localization by using structure landmark-based localization scheme. In indoor environments, we intend to integrate both visual and inertial information to detect structure landmarks. Compared to other image-based systems, this approach does not need to previously collect scene images or build 3D models. A Bayesian classifier is designed for the recognition of structure landmarks. By matching the recognized landmarks to the ground truth data, the accumulative error of PDR can be decreased without the deployment of additional infrastructures.
III. METHODOLOGY A. DEFINITION OF STRUCTURE LANDMARK
Landmarks are salient objects or places in an environment and have been broadly studied in the literatures of spatial cognition and navigation assistance [38] , [39] . In the present work, a structure landmark is defined as a recognizable spatial structure, such as an intersection or corner, which anchors a specific location in an indoor space. As shown in Fig Both visual and inertial information is used to identify the type of structure landmark. The built-in sensors of moving indoor people from their smartphone, including accelerometer, gyroscope and camera are used to collect inertial data and video frames. For landmark identification, initially we employ the Bayesian classifier to distinguish T-junction landmarks (FT, LT and RT), L-junction landmarks (LL and RL), crossroad and IR-junction (CO and OC) and afterward a decision rule is constructed to identify the type of structure landmark by using both visual and inertial features.
B. IDENTIFICATION OF STRUCTURE LANDMARK 1) VISUAL FEATURE EXTRACTION
The collected scene images contain valuable information that can be used to infer the type of structure landmarks. Line segments and vanishing points are important features to understand the structure of indoor scenes [16] . A vanishing point is an intersection point in a 2D image where the projections of 3D parallel lines intersect [40] . According to the Manhattan World assumption, an indoor scene commonly contains a single floor plane and a single ceiling plane, leading to three orthogonal vanishing points. The extracted line segments direct to one vanishing point can be referred as the vanishing segments. As shown in Figure 2 , there are three kinds of vanishing segment directions that can be extracted from an image [41] , including horizontal direction, infinity direction and vertical direction.
In this study, vanishing segments are extracted from scene images by using the toolbox proposed in [42] , which integrates the state-of-art Line Segments Detector (LSD) [43] and J-Linkage module [44] to classify line segments into different groups according to the location of vanishing points. The detected line segments and vanishing points are used as data points and model instances of J-linkage, respectively. All line segments can be classified according to the best model instance they fit, which needs no tuning parameter. Based on the extracted vanishing segments, the visual feature V s can be calculated as:
where V s (i) is the V s of image i, L h (j) is the length of vanishing segment j towards the horizontal direction, L f (k) is the length of vanishing segment k towards the infinity direction, m is the number of vanishing segments towards the horizontal direction, n is the number of vanishing segments towards the infinity direction. The visual feature V s (i) defines the ratio of horizontal vanishing segments towards the infinity vanishing segments from the image.
Another visual feature V g is defined as the ratio of the area of the floor plane to the area of the whole scene. Floor area is a high-level semantic feature, which represents the size of available space in indoor scenes. In this study, floor area is calculated by using the image-based floor detection algorithm proposed in [17] . The feature V g can be calculated as:
where
is the size of floor area in image i, S(i) is the size of the whole scene in image i. The two features, i.e., V s and V g , are used to construct a two-dimension feature vector V for landmark recognition, which can be represented as: V = {V s , V g }. Figure 3 shows two examples of calculated visual features for different scenes. Scene 1 is a T-junction landmark and Scene 2 is a L-junction landmark.
As can be seen in Figure 3 , the value of V s of scene 2 (L-junction landmark) is considerably higher than as compared to scene 1 (T-junction landmark). 
2) BAYESIAN CLASSIFIER CONSTRUCTION
A Bayesian classifier is constructed to distinguish T-junction landmarks (FT, LT and RT), L-junction landmarks (LL and RL) and IR-junction landmarks (CO and OC) by using feature vector V . The main idea of Bayesian classifier is to transform the prior probability P(ω i ) to the posteriori probability P(ω i |o) by observing the value of o. P(ω i |o) represents the probability of state ω i when given an observation value o. In the case of two-category classification, the Bayes decision rule defines the state as:
Equation (3) represents posteriori probability which can be used to identify the type of landmarks. However, in most cases, it is difficult to determine the posteriori probability of landmark type. The Bayes rule proves that the posteriori probability can also be expressed in terms of the likelihood and prior probabilities:
where P (o|ω i ) is the likelihood function. It is assumed that the prior probability of each landmark type is equal, so decision rule mainly depends on the likelihood. In this study, the likelihood function of landmark types, including T-junction, L-junction and IR-junction, are learned through a training phase. After that, the trained Bayesian classifier can be used to recognize the type of structure landmarks during a recognition phase. In order to obtain the likelihood functions of T-junction, L-junction and IR-junction, a smartphone is employed to collect visual data as participant passes through each types of landmark from various directions (e.g., left turn, right turn or walk straight). The frame can be used to calculate feature vector V from extracted visual data. Therefore, for a set of video frames, a sequence of feature vector V can be calculated. For each type of structure landmark (L-junction, L-junction and IR-junction), twenty sets of video segments have been collected. The K-means clustering is used to cluster each type of feature vector sequences and the cluster indices will be used as the likelihood function [45] . Figure 4 shows the training process of the likelihood function for L-junction. The video frames of LL and RL landmarks are collected respectively. The calculated visual features are clustered by using K-means clustering and the indices of cluster are used as likelihood function. The training result of T-junction, L-junction and IR-junction is shown in Figure 5 . The X-axis is the cluster index and the Y-axis represents the probability of each landmark type.
For landmark type identification, the observation at frame j is formally defined as follows:
where µ i is the center of the i-th cluster, V (j) is the feature vector of frame j, D denotes the Euclidean distance function, k is the number of clusters. For each frame, there are totally 30 observations (10 for T-junction, 10 for L-junction and 10 for IR-junction) and each observation associated with the calculated probability. In order to specify the type of structure landmark, we take advantage of the joint density function for all observations with assumption that observations are independent from each other. Therefore, the joint density function can be described as:
where θ is the observation likelihood function, f is the joint density function, n is the number of frames. The type of landmark (T-junction, L-junction and IR-junction) can be determined with the highest value of joint density function.
3) DECISION RULE BASED LANDMARK IDENTIFICATION
Based on the Bayesian classifier, a decision rule based method is developed to identify the type of structure landmarks. When people are walking in an indoor environment, the built-in sensors of smartphone, including accelerometer, gyroscope, digital compass and camera, can collect data continuously. The current developed method employs the received data to detect and identify the structure landmarks. The landmark detection process will be triggered by the detecting of turning activities (left or right) using inertial data. Considering the randomness of pedestrian turning activity, visual information (e.g., video frames) will be used to determine whether a turning activity happens at a structure landmark and further identify the type of the landmark by using the Bayesian classifier. Note that structure landmark will not be detected when people pass straight through an intersection, because the smartphone camera cannot collect sufficient visual details of the other directions (e.g., left or right) of the intersection, which will lead to the incorrect identification of landmark type (e.g., a FT landmark may be incorrectly identified as RL landmark). Consequently, the identification and matching of the undetected landmarks will be leave to the localization stage by using landmark network defined below. For landmark detection, a turning detection method [27] is employed to capture the orientation changes during a trip. It estimates the start moment T s and end moment T e of each turning activity by using gyroscope readings. In addition, the orientation change of pedestrian before and after a turning will be recorded using MEMS compass sensor of smartphone. The collected orientation information can be used to identify the type of structure landmark associated with video frames and inertial readings. In order to capture video frames, participants are required to hold a smartphone vertically in front of the body (keep the camera forward facing, less than 15 degree angle downwards can be tolerated) and walk normally when they walk across each type of structure landmark. If the turning detection algorithm detects a turning activity, the video frames collected between interval [T s , T e ] will be extracted to determine and identify the type of structure landmark.
The decision rule based structure landmark identification scheme is shown in Figure. 6. It has been assumed that pedestrian can make a turn in all possible locations in an indoor space. The location of a turn is divided into two categories: (1) at intersections (i.e., structure landmark); (2) at open space (e.g., room, hall, square or other irregular indoor sub-space). The proposed method identifies turning at a structure landmark follows by distinguishing of structure type. The heading angle change of each turn is calculated as follows:
where A i is the heading angle change of the i-th turning, T si and T ei are the start and end moments of the i-th turning respectively, gyr i is the gyroscope reading from a smartphone. The video frames between interval [T si , T ei ] are extracted to calculate the two visual features described in Equation (1) and (2) .
To identify whether a turn happens at a structure landmark, visual feature V g is first used. According to our experiments, the change of feature V g is different when pedestrian makes a turn at a landmark and at other locations. Figure 7 shows the variation of V g when passing through landmarks with different type (40 samples for each type). As shown in figure 7 (a) where vg i_max is the maximum value of V g in i-th turning, vg i_min is the minimum value of V g in i-th turning. If Tr is smaller than 0.3, the turning is determined to be occurred at open space. If a turn is determined to be occurred at the location of a structure landmark, the heading angle change A i can be used to determine the direction of the turn, which can initially identify the type of structure landmarks:
For left turn, the type of landmark may be: FT, LT, LL, CR and IR. For right turn, the type of landmark may be: FT, RT, RL, CR and IR. As detailed above, a Bayesian classifier is trained to specify the type of landmark (T-junction, L-junction or IR-junction). However, it is difficult to precisely identify the type of FT and CR landmarks. The reason is that the scanning of camera may not cover all the direction of a T-junction or crossroad when pedestrian is passing through. The uncovered direction (i.e., road branch) may lead to incorrect identification results of landmark type (e.g., a CR landmark being incorrectly identified as L-junction or T-junction landmark). Although some misidentified results exist, the negative effect of the incorrect identification results can be reduced by using a defined landmark network, which will be described as below.
C. STRUCTURE LANDMARK-BASED LOCALIZATION
When people are walking in an indoor environment, such as shopping mall or an office building, they may pass through a sequence of structure landmarks. This study realizes accurate indoor localization by using the landmark sequence to correct the PDR accumulative error. During navigation, it recognizes landmark sequence and matches to a previously defined landmark network by using a Hidden Markov Model. After encountering several structure landmarks, this approach can accurately match a landmark sequence to a defined network and determine the location of people without previous knowledge of their initial location. This section will first introduce the definition of indoor landmark network and then detail the landmark-based localization algorithm.
1) INDOOR LANDMARK NETWORK
An indoor space is represented by a landmark network G(L, E) that includes a node set L along with an edge set E. Each node in L refers to a structure landmark, and an edge between two nodes represents spatially adjacent two landmarks. The length of an edge represents the distance between two adjacent nodes. As shown in Figure. 8, the attribute of a node includes its coordinates, neighboring nodes, and accessible passing direction. 
2) HMM BASED LOCALIZATION ALGORITHM
PDR is one of the most commonly used indoor localization method which estimates the current location of pedestrian by adding the displacement to the previously known value. However, the practical use of PDR is limited by the required knowledge of initial location as well as the accumulation of location error. Consequently, this algorithm uses structure landmarks to estimate the initial location of pedestrian and reduces the accumulative error of PDR based on an HMM method.
In this study, HMM is used to match a detected landmark sequence to the landmark network of an indoor space. HMM is a doubly embedded stochastic process, which describes the stochastic hidden states transfers with stochastic sequence of observations. The states and observations are independent of each other and the stochastic process is described by probability. The basic architecture of HMM is shown in Figure 9 , where S = {S 1 , S 2 , S 3 } is the hidden state.
. The architecture of HMM.
represents the observation. A = {a ij } is the state transition probability which describes the transition probability from hidden state S i to state S j , B = {b ij } is the emission probability which describes the observation probability when the observation is V j in the hidden state S i .
It is defined the nodes in landmark network as the hidden states. The observations are the identification results of structure landmarks using the method described in section B. The transition probability between different states is represented as a transition matrix: 
according to the adjacency relation of nodes in a landmark network. Here, a ij in transition matrix A represents the transition probability from state i to state j. n is the number of state. The sum of transition probability in each row equals 1:
In an indoor environment, people may walk straight across several structure landmarks without any turning activity, which will lead to the miss-detection of these landmarks. In order to solve this issue, the algorithm defines that all the nodes in a straight line are connected to each other. The probability from one node to another one is equal over all the connected nodes.
The emission probability describes the observation probability distribution at each hidden state, which can be represented as an emission matrix:
where b ij in B represents the probability of observation j at node i. m is the number of observations, which equals the number of landmark type in an indoor environment. The sum of emission probability in each row equals 1:
To increase the practicability of the localization algorithm, the initial location of people is assumed to be unknown. The initial state distribution is uniform for all nodes. For each detected landmark, there may be more than one candidate nodes with the same landmark type. This algorithm employs the spatial adjacency relationship of landmarks to improve the performance of landmark matching. The Viterbi algorithm [46] is usually employed to search the most probable sequence of hidden state. However, the result of Viterbi algorithm is not reliable if an environment is spatially symmetric. Due to the lacking of spatial adjacency constraints, it may provide multiple candidate state sequences which cannot be used to improve the localization results of PDR.
Therefore, a probability updating mechanism is designed for the HMM process of this algorithm, which can dynamically update the transition matrix and emission matrix according to the current observations. There are four steps for searching the most probable sequence of hidden states in this algorithm:
(1) Initialization. Select candidate node of the current landmark from landmark network G by comparing their attributes. Define δ t (i) as the highest probability along a single path, at time t, which accounts for the observation V t in state S i . If δ 1 (i) > 0, the node i can be saved as candidate node. (2) Induction. For each candidate node, update their transition probability a ij and emission probability b ij according to the attributes of their adjacent nodes in G. Iteration this step from the second observation to the last observation, and calculate δ t (j) and ϕ t (j) as:
where ϕ t (j) is the most probable node of observation V t . (3) Special situation. All the candidate nodes have been removed from the candidate sequence which results incorrect matching in the current observations. Then move to step (1) and use the current landmark as an input. (4) State backtracking. Found the termination state of the last observation and backtrack the state array based on the array ϕ t (j). When there is only one candidate node for the current landmark, the location of the current node can be used as the initial location of PDR. In this study, the step of pedestrian is detected by using a low-pass Butterworth filtering and a peak detection algorithm [47] . The step length is estimated by using a frequency-based model [48] :
where D i is the length of the i-th step, f is the step frequency, a and b are parameters which can be estimated by using linear regression. The average step frequency and the stride length parameters can be measured when a participant walks along some known straight-line segments. A linear regression can be used to estimate the optimized parameters. The heading angle is calculated by using smartphone gyroscope. The localization result of PDR module can be described as follows:
where (x i , y i ) are the coordinates of step P i , θ i−1 is the heading angle of step P i−1 , and θ i is the heading angle change of P i that is relative to P i−1 . D i is the distance between P i and P i−1 . Algorithm.1 shows the process of the landmark-based localization. The input of the algorithm includes the landmark 
if number of candidate_location = 1 convergence point = candidate_location; PDR (convergence point, inertial data); end if end for network G(L, E) and the smartphone sensor data. The triggering of this algorithm is based on the detection of a turning activity. Firstly, it identifies the type of the landmark by using the method proposed in Section B. The identified landmarks are used as observations in SL set. For each identified landmark, the algorithm estimates its candidate nodes and the corresponding probability based on the landmark network. If there is more than one candidate, the algorithm updates the transition probability and emission probability based on the adjacency relation of nodes from G(L, E). Then, it starts to find a node sequence in landmark network with the highest probability. If there is only one candidate node sequence, the location of the current node is used as a convergence point. The PDR method will be used to estimate the location of people and backtrack the initial point of the trajectory. By using the landmarks along the path, the accumulative error can be reduced continuously and the location accuracy can be improved.
IV. EVALUATION
In this section, the performance of the landmark identification method has been tested by employing sensor data collected from different environments. Then, we evaluate the proposed landmark-based localization algorithm by conducting a pilot study.
A. STRUCTURE LANDMARK RECOGNITION
An Android version 4.3 Galaxy Note 3 smartphone was used to collect sensor data including acceleration, gyroscope readings and video frames, when participants passed through different types of landmarks. The data was collected in three different indoor environments, including an office building, a hospital and a teaching building as shown in Figure 10 . During data collection, the participants held the smartphone vertically in front of them and kept forward facing. To capture the floor area, the camera is taken with an angle downwards. The angle of less than 15 degrees can be tolerated. The sampling frequency of inertial sensors (accelerometer and gyroscope) and video frames was 100HZ and 30FPS, respectively. Forty sets of sample data were collected for each type of structure landmark. The accuracy of landmark identification is calculated as follows:
where M is the number of correctly identified structure landmarks, N is the total number of landmarks. The identification result is shown in Table. 1. The average accuracy for all landmark type is about 80%. Except for FT and CR types, the identification accuracy of other structure landmark is above 90%. As described in above, FT and CR landmark can be seen as two combinations of L-junction and T-junction. In this experiment, 40% percent of FT and CR landmarks were identified as LL or LT landmarks, and 50% percent of CR landmarks were identified as RL or RT landmarks. By using the collected data from smartphone, the structure landmark identification method achieves a high accuracy which is a base for the landmark matching-based indoor localization. Even though the FT and CR landmarks may not be precisely identified, the proposed method can also match the sequence of structure landmarks to the correct indoor location.
B. PERFORMANCE OF STRUCTURE LANDMARK BASED LOCALIZATION 1) EXPERIMENT SETUP
To evaluate the proposed landmark-based localization algorithm, an experiment was performed in an office building, with a 52.5 m × 52.5 m floor plan. As shown in Figure 11 (a), there were 18 structure landmarks (L1-L18) in the experimental area. The experiment data was collected by using two Android version smartphones, including Galaxy Note and Nexus S. Similar to the landmark identification experiment, the participants held the smartphone vertically in front of them (kept the camera forward facing) and walked normally along a selected route during data collection. The camera is held with downwards an angle no more than 15 degrees. As shown in Figure 11 (b), we designed four representative routes and each route was repeated 10 times in the same condition. The initial location of each route was kept always the same in each run and assumed to be unknown for the localization algorithm. We set some markers at known coordinates along the routes to collect the ground truth data. A student recorded the times when participants walked past each marker.
FIGURE 11. Experimental environment.
We evaluated both online and offline localization performance of the algorithm proposed in Section III. For online localization, the algorithm estimates the participant's location during the walking process. The error is obtained by calculating the distance between the estimated location and the ground-truth. For offline localization, the algorithm estimates the location of the trajectory after the completion of whole route. The error is obtained by calculating the average distance between each pair of estimated location and its corresponding ground-truth point, which can be described as follows:
where N is the number of ground-truth, p i is the i-th estimated location, p g is the i-th ground truth. |p i − p g | is the Euclidean distance between p i and p g . Beside localization error, the matching accuracy of structure landmark is also used to evaluate the performance of the algorithm, which can be described as follows:
where MA k is the matching accuracy of the k-th route, N k is the total number of structure landmarks along the k-th route, L k is the number of structure landmarks which are correctly matched to the ground-truth.
2) OFFLINE LOCALIZATION PERFORMANCE
The landmark matching accuracy of the four routes is shown in Figure 12 (a). Generally, the average matching accuracy of all routes is 92%. For Route #1, there are two incorrect identification results (L3 and L9) which cause five incorrect matched landmarks. In case one, type of L3 is incorrectly identified as RT, which causes the incorrect matching results of both L3 and L8. In second case, type of L9 is also incorrectly identified as RT type, which causes the incorrect matching of L9 and L13. The matching accuracy for Route #2, #3 and #4 are 90%, 86% and 98%, respectively. Figure 12 (b) shows the relation between landmark identification accuracy and matching accuracy. In four routes, when the identification accuracy is higher than 85%, this algorithm can provide a matching accuracy higher than 90%. When the identification accuracy decreases to 75%, the matching accuracy of this algorithm is higher than 85%. It means that the decreasing speed of matching accuracy is slower than the decreasing speed of identification accuracy. The localization performance is shown in Table 2 . The average offline localization error of all routes is about 1.2m. The localization error of Route #1, #2, #3 and #4 are 1.09m, 1.23m, 1.74m and 0.96m, respectively. The error is mainly caused by the incorrect identification results of landmark type. The third observation (L3) of Route #3 is incorrectly identified as RL type, which also causes the incorrect matching results of the subsequent four landmarks and therefore increases the localization error. Figure 13 shows the relationship between localization error and landmark matching accuracy. With the increase in matching accuracy, the localization error decreases. In most cases, the matching accuracy is around 90% and the localization error is around 1m. Moreover, the localization error will become smaller when the matching accuracy is higher than 90%. As shown in Figure. 14, the location of the four routes is accurately estimated in the indoor environment.
3) ONLINE LOCALIZATION PERFORMANCE
The performance of online localization was evaluated under three different conditions: (1) activity landmark-based localization using HMM algorithm; (2) structure landmarkbased localization using HMM algorithm; (3) structure landmark-based localization using the proposed algorithm. In the first condition, it was assumed that all the turning activities of the participants happened at the intersections or corners (i.e., the structure landmarks). We used the inertial reading from smartphone to detect and identify these turning activities (e.g., turn left or right) and used them as activity landmarks for HMM-based localization algorithm. In the second condition, the structure landmarks were used as landmarks for HMM-based localization algorithm. In the third condition, the same structure landmarks were used as landmarks for the proposed localization algorithm. The empirical time window of the collected sensor data was of two seconds in our experiment.
The results of online localization are shown in Figure 15 . In Figure15(a) , the average error is high at the beginning because the initial location is assumed to be uniformly distributed. As the increasing of travelled distance, the location error of all routes increases slowly due to the accumulate error of PDR. Once a participant encounters a structure or activity landmark, the location error decreases significantly. In general, the location error of the AMM-based algorithm is higher as compared to other two algorithms. Note that the identification accuracy of activity landmarks is 100% in the experiment. The average error of the AMM-based algorithm is 15.7 m, which is obviously higher in comparison to structure landmark-based HMM algorithm (12.1m) and the proposed algorithm (4.8m). In most cases, the error of the proposed algorithm (green line) is obviously smaller as compared to structure landmark-based HMM algorithm (red line). The 70 percent error of the four routes is below 5m. Moreover, the standard deviation (SD) of the localization error by the proposed algorithm is 5.8m, which is also smaller than structure landmark-based HMM algorithm. Figure15(b) shows the cumulative distribution function (CDF) error of the four routes. The results indicate that the proposed algorithm can achieve more accurate and robust localization performance.
Because the initial location of a route is assumed to be unknown, as can be seen in Figure 15 , the online localization accuracy is not high at the beginning of each route. To increase the practicability of the online localization algorithm, we evaluated the location confidence when participant passed through each landmark. In this algorithm, location confidence is measured by using the probability of candidate nodes (i.e., ϕ t (j) in equation 13) in landmark network: the highest probability of the candidates is used as the location confidence of the current location. The online localization result will not be given until the location confidence is higher than a threshold, which is set to 60% in the experiment. Figure 16 shows the location confidence when participant passes through each landmark along the four routes. The location confidence is relatively low at the beginning of each route. With the increase in encountering landmarks, the location confidence increases sharply and stabilizes at high level.
Besides localization error, convergence speed is also an important issue with map matching based localization algorithm. Similar to Zhou et al. [27] , convergence speed is defined as the distance before the algorithm converging to the ground-truth point. Faster convergence speed means the successfully matched landmarks can be used to correct the cumulative error more frequently, which is important to increase localization accuracy. Figure 17 shows the traveled distance of four routes until the convergence of algorithm. In most cases, the traveled distance can be reduced by using structure landmark. By using SLMM, the traveled distance of Route #1 and #3 decreases 28% and 21%, respectively. Moreover, by using the spatial adjacent relation of structure landmarks (the proposed method), the traveled distance of Route #1, #3 and #4 decreases 67%, 77% and 78% respectively compared to the results using AMM.
V. DISCUSSION
The present work proposes the use of structure landmarks in indoor spaces to prevent the accumulation error of PDR. Compared with activity landmark, structure landmark can better reflect the characteristics of indoor structures (e.g., intersections, corners or entrances), which increase the convergence speed of structure landmark-based localization algorithm. Structure landmark can be detected and identified by using both visual and inertial signatures. An advantage of structure landmark is that it does not rely on the assumption that all the activities occur at the special locations (e.g., intersections or corners) due to its visual signatures, which makes the localization results more robust and reliable. More importantly, the integration of visual and inertial signature increases the accuracy to identify landmark type (the average accuracy is higher than 90%). By using structure landmark, the accuracy and the convergence speed of mapmatching based localization algorithm can be improved.
To increase the robustness of the localization algorithm, it is important to reduce the negative effect of incorrect landmark identification results. By using the defined landmark network, the spatial adjacency relationship of landmarks is included in the localization algorithm. In addition, some possible cases (e.g. FT mis-identified as L-junction, crossroad mis-identified as T-junction) have been added to the landmark network. Consequently, it is allowed that some incorrect identified landmarks exist in a candidate landmark sequence, which increases the robustness of the algorithm. However, some external interference factors such as low light illumination or sudden appearance of pedestrian in video scene may decrease the accuracy of landmark identification. In this study, the experiments were conducted in a normal daylight condition. Low illumination (e.g., at night) may affect the quality of collected video frames and reduce the performance of landmark identification. The appearance of pedestrian in video scene is another fact that may affect the identification results as well. Because the localization algorithm is triggered by turning action, the appearance of pedestrian will not affect the results in non-turning condition. If a turning occurs, the appearance of pedestrian in video scene may affect the calculation of visual features and lead to incorrect identification results. Reduction of influence of the two factors will be considered in future work.
Compare to online localization, offline localization has shown higher positioning accuracy. The reason is that offline localization takes the whole structure landmark sequence (along a route) as a prior, which can provide more spatial reference to the map matching based localization algorithm. After a landmark sequence has been identified and matched to the network, some incorrect identification or matching results can be corrected by using the spatial reference provided by the subsequent landmarks. It will improve the localization accuracy. For online localization, once a landmark is incorrectly identified, the localization results will be significantly affected. The location error will be corrected until the appearance of a correct identified and matched landmark. However, for online localization, the incorrect identification and location results will not be backtracked and corrected. It is the reason that the accuracy of offline localization is higher than online localization.
The posture for collecting data is one limitation of this method. In order to capture visual information of the environment, a smartphone is required to be held in front of the body of participant (keep the camera forward facing). Due to the randomness of people's activity, it is difficult for people to maintain a very standard holding posture. To deal with the problem, this method does not require a strict holding posture of smartphone. When participants are walking in non-structure landmark areas (there is no turning actions), this method mainly uses inertial information and dose not requires a particular direction of camera. When a turning action is detected, smartphone camera is used to collect visual information of the environment. In order to capture the visual information clearly, the smartphone camera is required to be forward facing. Notably, it is not necessary to keep a strict vertical holding posture. A tile angle of less than 15 degree can be tolerated. However, the requirement of holding posture still exists. In future work, we plan to study the performance of different holding posture and reduce the negative effect of posture change to the localization result.
VI. CONCULSION
In this paper, we have proposed a landmark based indoor pedestrian localization approach using smartphone. Experiment results showed that the detection and matching of structure landmarks could improve the performance of both online and offline indoor localization without auxiliary infrastructure or previous knowledge of initial location. It is found that structure landmark can increase the convergence speed of landmark matching based localization algorithm as it can reflect the structure of indoor intersections, entrances or corners clearly as compared to activity landmarks. The spatial adjacency relationship of landmarks can significantly increase the accuracy of landmark matching. To increase the practicability of the proposed algorithm, it is not assumed that the camera will completely scan all the directions of each landmark (i.e., intersections or entrances) along a route. However, it may decrease the identification accuracy of FT and CR landmarks, as the number of walking direction of FT and CR landmark is higher as compared to other landmark types. In further work, we intend to improve the accuracy of the landmark detection algorithm and reduce the negative effect of posture change (of a smartphone) to the localization performance.
